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A B S T R A C T
This paper presents the non-stationarity and autocorrelation (with a Moran’s I index score of 0.75) of the MODIS-
retrieved aerosol optical depth (AOD) of the Wuhan agglomeration (WHA) in Central China, using geo-
graphically weighted regression (GWR) to identify the spatial relationships between AOD and its impact factors.
In addition to the socio-economic factors, i.e., GDP and population, vegetation cover, elevation, land-use density
and landscape metrics are also considered. Faced with the rapid process of urbanization and the impact of land-
use change on AOD, which has been confirmed in previous studies, we propose an AOD prediction method,
combining a land-use change simulation model, a cellular automata and Markov chain (CA-Markov) model, and
spatial relationships built by GWR to represent the spatial distribution of AOD in 2030. The results suggest that
the GWR model is able to address the spatially varying relationships, with an R-squared value, corrected Akaike’s
information criterion (AICc), and standard residual better than those of the ordinary least squares (OLS) model.
Land-use simulation, with an accuracy of 89.76%, indicates that an increase in the built-up area and a decrease
in the forest area will be the major trends of land-use change and will lead to increased AOD. The AOD simu-
lation results indicate that the most developed areas, i.e., the cities of Wuhan and Huangshi, will be the AOD
increase hot spots in the WHA. This study provides an alternative method to identify the varying spatial re-
lationships between AOD and its impact factors. A spatial prediction method for AOD is developed from the
perspective of land-use change, which will help land-use planners in decision making.
1. Introduction
Aerosol optical depth (AOD) is a measure of aerosol loading, in-
tegrated through the atmospheric column (Gupta et al., 2016). Since
aerosols are one of the main pollutants that affect air quality (Xu et al.,
2014), AOD has been employed as a principal indicator to describe
atmospheric conditions. It is critically important to study the spatial
and temporal changes in AOD to detect air pollutants, especially in
China with its rapid industrial expansion and urbanization over the last
few decades (Zhang and Cao, 2015) and the increasingly common oc-
currence of haze or smog episodes in the most developed and highly
populated city clusters (Zhang and Cao, 2015; Wang et al., 2017a).
Massive studies have concerned and analyze driving factors for AOD
with facilitation of Remote sensing technique, which has become a new
means of monitoring global AOD (Xu et al., 2014). For example, using
correlation analysis, Li et al. (2010) found that the distribution of
aerosols was greatly affected by population, urban/industrial activity,
agricultural biomass burning, spring dust, topography, and humidity.
Guo et al. (2012) retrieved AOD data from MODIS aerosol data and
used a linear regression model to identify the impact of the driving
factors on AOD in Hubei, Central China, and found that the annual AOD
was negatively related to elevation and the normalized difference ve-
getation index (NDVI) but positively related to population density. He
et al. (2016) retrieved AOD over China from 2002 to 2015 and found
that high aerosol loadings were usually located in economically and
industrially developed areas, whereas low aerosol loadings were lo-
cated in the rural and less developed areas of western and northeastern
China. Li and Wang (2014) used MODIS data to investigate the spatial
and temporal variations in AOD in Guangdong, a highly developed
province in China. Linear regression was used to investigate the re-
lationships between AOD and its driving factors, including the nor-
malized difference vegetation index (NDVI), elevation, the urbanized
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land fraction, and several socio-economic variables. Evidently, existing
studies have widely implemented to find out the driving factors of AOD,
and meaningful conclusions have been achieved.
Even if massive studies on driving factors analysis for AOD have
been carried out, little concerns the spatial autocorrelation and spatial
non-stationarity of AOD. Specifically, in previous studies linear models
were the most popular means to represent the spatial relationships
between AOD and its driving factors. However, traditional linear re-
gression methods, such as ordinary least squares (OLS), ignore im-
portant local variations in the model parameters and are not able to
address spatial autocorrelation and spatial non-stationarity that exist in
the dependent and independent variables (Tu and Xia, 2008). In using
OLS, it is assumed that the relationship is consistent between locations
and that no spatial autocorrelation exists. However, this assumption is
not always true in the case considering the relationship between AOD
and its impact factors. For example, Li and Wang (2014) reported that
AOD was strongly negatively correlated with NDVI in Guangdong,
China (R-squared value of 0.782), whereas in the study conducted by
He et al. (2016), a weak relationship between AOD and NDVI was found
for the whole of China. With the respect to the spatial autocorrelation
and spatial non-stationarity of AOD, it is significant to use a specific
method that can identify local relationships rather than global re-
lationship for AOD and its impact factors. A technique known as geo-
graphically weighted regression (GWR) is necessary to be used to dis-
cover the spatially varying relationship between AOD and its impact
factors, which is capable of addressing issues with spatial autocorrela-
tion (Zhang et al., 2004) and spatial non-stationarity (Fotheringham,
2001) issues. In our case study area, i.e., the Wuhan agglomeration
(WHA), the AOD had a z-score of 111.65 and a Moran’s I index value of
0.75, which indicates there is less than 1% likelihood that the spatial
distribution of AOD is the result of random chance. Therefore, for the
AOD in the WHA, GWR should replace the normally used OLS model to
identify the spatial relationships between AOD and its impact factors.
Moreover, existing studies merely focused on historical relationship
between AOD and its impact factors, and little presents possible spatial
distribution in future concerning the rapid land use/land cover change.
Under the rapid urbanization process in China, land use/land cover is
changing dramatically (Zhang et al., 2010; Hu and Zhang, 2013) and
numerous studies have confirmed that massive urban areas are posi-
tively correlated with higher AOD (Guo et al., 2012; He et al., 2016; Xu
et al., 2014). However, few studies have focused on the spatial dis-
tribution of AOD in the future under rapid urbanization and land-use
change. Thanks to the rapid development in geospatial simulation
models, it has become increasingly possible and popular to design or
predict land-use change in the future (Sang et al., 2011). In addition, In
this study, to fill this gap, we attempt to represent the future spatial
distribution of AOD using a future land-use pattern simulated by an
integrated land-use cellular automata (CA) simulation model and
Markov chain, termed CA-Markov, which is one of the most popular
and commonly used models for simulating land-use change (Sang et al.,
2011; Yang et al., 2014).
In summary, this study attempts to identify the non-stationary
spatial relationships between AOD and its impact factors and to then
predict AOD based on simulated land-use change. The proposed method
was validated through testing, conducted in an urban agglomeration in
Central China that is experiencing rapid urbanization, i.e., the WHA. In
this study, we first analyze the spatial relationships between AOD and
its driving factors using GWR, which can address spatial autocorrela-
tion. A well-developed and popular land-use simulation model, the CA-
Markov model, is then used to represent land use in the study area in
2030. Finally, using the spatial relationships identified by GWR and the
future land-use pattern, the spatial distribution of AOD is predicted to
facilitate the decision making process in land-use planning and en-
vironmental conservation. The remainder of this paper is organized as
Fig. 1. Location and land-use pattern of the Wuhan agglomeration. (a) presents the location of Hubei Province in China, (b) presents the location of WHA in Hubei
Province, and (c) presents the land-use pattern of WHA in 2010.
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follows. In the second section, we provide the background to the WHA
in terms of economic development, land-use patterns, population
growth, and development history. The data sources are also presented
in this section. In the third section, the potential impact factors are first
listed, and then the methods used to select the driving factors from
potential factors and to analyze the relationship between AOD and the
impact factors are presented, followed by the land-use change simula-
tion model. In the last two sections, the results of the spatial relation-
ships between AOD and its driving factors, as well as the future spatial
distribution of AOD, are analyzed and discussed.
2. Study area and data sources
2.1. Study area
The WHA refers to a metropolitan area composed of Wuhan and
eight towns, namely, Huangshi, Erzhou, Xiaogan, Huanggang,
Xianning, Xiantao, Qianjiang, and Tianman, which are known as the
Wuhan “1+8” city cluster (Zeng et al., 2014). The WHA is located in
the eastern part of Hubei province, Central China (see Fig. 1), along the
middle reaches of the Yangtze River (112°30′–116°10'E,
29°05′–31°50′N). The WHA covers an area of approximately
5.8×104 km2, most of which is in the form of plains. The WHA also
accounts for 50% of the total population and 60% of the GDP of Hubei
Province. The central city, Wuhan, is the largest inland rail and road
Fig. 2. The spatial distributions of datasets used in this study. (a) is the AOD in 2010, (b) is the precipitation, (c) is the NDVI, which indicates vegetation coverage, (d)
is the DEM that shows the terrain, and (e) and (f) show the population and GDP to reflect the respective social and economic conditions.
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transportation hub of China (Tan et al., 2014).
As one of the most economically developed areas in Central China,
the WHA has suffered severe air pollution for a long time. According to
the China Environment Statistical Yearbook (2015), the annual average
concentration of PM2.5 in 2014 in Wuhan was the 18th highest out of the
112 major cities in China (source: Ministry of Environmental
Protection). The rapid process of urbanization, together with the in-
crease in built-up land and the disappearance of ecological land (Luo
and Zhang, 2013), has led to poor air quality. In this context, it is cri-
tical to analyze the driving factors of AOD in the WHA and to predict
the future AOD with regard to land-use change.
2.2. Data sources
The AOD data were retrieved from the Aqua MODIS data Level 2
Collection 6 with a spatial resolution of 3 km×3 km for the whole of
2010. AOD data (3 km) have been validated (Wang et al., 2017b) and
widely used to estimate air quality (Ghotbi et al., 2016). In this study,
we retrieved the 550-nm spectral information of the aerosol data set
from the MODIS data, which are available at a 3-km×3-km spatial
resolution (see Fig. 2(a)).
For impact factor analysis, land-use cover, meteorological char-
acteristics, terrain, vegetation coverage, and social and economic fac-
tors were considered as potential independent variables. The land-use
data sets included six land-use categories: agriculture, forest, grassland,
water bodies, built-up land, and unused land, with a resolution of
1 km×1 km (see Fig. 1(c)). Precipitation was used to reflect the me-
teorological characteristics of the WHA, the spatial distribution of
which was obtained from 72 meteorological monitoring stations in or
near the study area, using Kriging interpolation with a resolution of
1 km×1 km (see Fig. 2(b)). Annual NDVI, extracted from the monthly
MOD13Q1 MODIS product with a spatial resolution of 250m×250m,
was used to reflect the vegetation coverage in the study area (see
Fig. 2(c)). In addition, a DEM, with a resolution of 1 km×1 km was
used to represent the terrain in the WHA (see Fig. 2(d)). Furthermore,
spatial distributions of the population and GDP in the study area, which
were downloaded from the Data Center for Resources and Environ-
mental Sciences, Chinese Academy of Sciences (RESDC) (http://www.
resdc.cn), with a resolution of 1 km×1 km (see Fig. 2(e) and (f)), were
used to reflect the social and economic conditions in the WHA. The
population and GDP grids were calculated based on the statistical data,
along with land use pattern, human activities (Ling et al., 2006; Liu
et al., 2005), and they have been used in various studies (Qiu et al.,
2018; Ren et al., 2016). The descriptions of the datasets used in our
study are summarized in Table 1.
3. Methods
In this section, the potential impact factors are determined ac-
cording to a literature review. Then, the selection of independent
variables from potential impact factors and impact factor analysis based
on GWR are presented. Finally, the CA model is used to predict the
land-use pattern in 2030, from which the AOD is predicted accordingly.
The flow chart of this section is presented in Fig. 3.
3.1. Potential impact factors
The potential impact factors used in this study were selected
Table 1
Summary of the datasets used in this study.
Dataset Resolution Source Description Year
AOD 3 km×3 km Aqua MODIS data Level 2 Collection 6 Dependent variable 2010
NDVI 250m×250m MOD13Q1 of MODIS Potential independent
variable
2010
DEM 1 km×1 km Obtained by the Shuttle Radar Topography Mission (SRTM) and downloaded from the Data Center for
Resources and Environmental Sciences, Chinese Academy of Sciences
Potential independent
variable
2000
Precipitation 1 km×1 km China Meteorological Data Sharing Service System; http://data.cma.cn/ Potential independent
variable
2010
Population 1 km×1 km Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC); http://
www.resdc.cn
Potential independent
variable
2010
GDP 1 km×1 km Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC); http://
www.resdc.cn
Potential independent
variable
2010
Land-use pattern 1 km×1 km Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC); http://
www.resdc.cn
Potential independent
variable
2010
Fig. 3. The flow chart of the methods used in this study.
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according to previous driving factor analysis studies conducted on AOD.
Table 2 reviews previous studies and the selected impact factors. Based
on these studies, NDVI, DEM, precipitation, GDP and population den-
sity were selected as potential impact factors.
The most commonly used land-use related factors are the built-up
density and forest density. To determine whether the land-use types in
the WHA impacted the AOD, histograms were constructed for the
different land-use types: agriculture, forest, grassland and built-up
areas, presented in Fig. 4. As Fig. 4 shows, the areas covered by forest
and grassland had the lowest AOD values, with a mean value of 0.514
(Std=0.110) and 0.483 (Std=0.129), respectively. By contrast, the
built-up areas had the highest AOD values, with a mean value of 0.751
(Std=0.157).
With reference to Fig. 4, the forest (IndFor), grassland (IndGra), and
Table 2
Summary of potential impact factors.
Potential factor Reference Study area Descriptions
NDVI Guo et al. (2012) Hubei Province, China The annual AODs were negatively related to NDVI.
Dong et al. (2013) Shanxi Province, China The spatial distribution of the aerosol Angstrom wavelength exponent was
predominantly related to vegetation coverage.
Li and Wang (2014) Guangdong Province, China High NDVI areas had a greater possibility of having a low AOD.
DEM He et al. (2016) China AOD was negatively associated with the terrain over the entire country.
Li et al. (2003) eastern China The spatial distribution of AOD was significantly influenced by the terrain.
Precipitation Li et al. (2010) China In some locations, aggregated precipitation in the summer months caused a decrease
in the temporal profile of AOD.
GDP and population He et al. (2016) China AOD was positively associated with socio-economic activities over the entire
country.
Li and Wang (2014) Guangdong Province, China AOD was positively correlated with socio-economic factors, especially GDP.
Guo et al. (2012) Hubei Province, China The annual AODs were positively related to population density.
Land-use related
factors
Zou et al. (2016) Changsha-Zhuzhou-Xiangtan
agglomeration, China
PM10 concentrations were positively correlated with increased built-up areas and
negatively correlated with increased forest areas.
Dong et al. (2013) Shaanxi Province A lower AOD was measured in areas covered by forests.
Xu et al. (2014) Yangtze Delta in China AOD over urban areas increased faster than over rural areas.
Landscape metrics Weber et al. (2014) Leipzig, Germany The particle air pollution concentration differed according to the urban structure
type, as determined by landscape metrics.
Zou et al. (2016) Changsha-Zhuzhou-Xiangtan
agglomeration, Central China
PM10 concentrations declined with increases in the landscape shape index (LSI) and
Shannon’s diversity index (SHDI).
Mccarty and Kaza
(2015)
United States Fragmentation was associated with low air quality.
Baur et al. (2015) European cities A strong connection was found between the spatial properties of a city and its
greenhouse gas emissions.
Bereitschaft and
Debbage (2013)
86 U.S. metropolitan areas Continuity and shape complexity were significantly associated with air pollutant
emissions.
Lu et al. (2018) Yangtze River Delta, China Landscape metrics as PLAND, PD, LPI, ED, MPS, AWMSI, CONTAG, SHDI and SHEI
were selected to identify their impacts on PM2.5, and it found that it was of great
significance to control PM2.5 from the perspective of landscape metrics.
Ye et al. (2016) Wuhan city, China The high correlation between the mean AOD and landscape metrics indicates that
both the landscape composition and spatial structure affect the AOD pattern.
Fig. 4. AOD histograms for different land uses.
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built-up (IndBuilt) densities were set as potential impact factors. The
urban impact, which presents a radial impact of urban areas, was also
selected as a potential impact factor in this study. The definitions and
calculations of the forest, urban and grassland densities, as well as the
urban impact, are listed in Eqs. (1)–(3).
∑ ∑= ∗
= =
Dis nx ny Lu nx nyDen ( , ) ( , )ik
nx
n
ny
n
k
1 1 (1)
= ∗
−MaxDis Dis
MaxDis
UrbImpact Areaij j
j ij
j (2)
∑= UrbImpactUrbImpacti
j
ij
(3)
where Deni is the density of the k-th land-use type at location i; Dis is
the size of the n× n matrix, named the distance template; and n is the
length of the neighborhood. Luk is a 1 or 0 matrix with a size of n× n.
In the neighborhood, the location covered by the k-th land-use type is
marked as 1, and the other locations are marked as 0. Specifically, in
our case a 7×7 neighborhood is used for forest and grassland, and a
9×9 neighborhood is used.
In Eqs. (2) and (3), UrbImpactij is the impact of the j-th urban patch
on location i. The value of the impact of the j-th urban patch is related
to its area, and it is assumed that a larger urban patch will lead to a
larger impact. Areaj (meter2) is the area of the j-th urban patch, MaxDisj
is the maximum impact distance of the j-th urban patch, and Disij (m) is
the distance of location i from the j-th urban patch. We assumed that the
impact of patches smaller than 1.5 km2 was too small to consider.
Fig. 5. The flow spatial distribution of land-use related variables in the WHA. (a) is the urban impact, (b) is the forest density, (c) is the grassland density, and (d) is
the built-up density.
Fig. 6. Landscape metrics of the WHA in 2010.
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The calculated densities and urban impact are presented in Fig. 5.
With reference to Table 2, landscape metrics are reliable and useful
to represent landscape characteristics when assessing the impact factors
of air quality. Therefore, landscape metrics calculated by FRAGSTATS,
i.e., software that was developed to quantify landscape structure (Yang
et al., 2014), were used in this study to retrieve the landscape metrics,
which act as the potential impact factors of AOD. Based on existing
studies (Bereitschaft and Debbage, 2013; Lu and Liu, 2016; Mccarty and
Kaza, 2015), three metrics were selected: the aggregation index (AI),
contagion index (CONTAG), and landscape shape index (LSI).
The spatial distributions of the landscape metrics are shown in
Fig. 6, and descriptions of the metrics are provided below. (1) AI (%)
(Zou et al., 2016), which ranges from 0 to 100, indicates similar ad-
jacencies for the same land-use type. A higher AI value indicates a
higher degree of aggregation for patches of the same land-use type
(http://www.umass.edu/landeco/research/fragstats/documents/
fragstats.help.4.2.pdf). (2) CONTAG (%) ranges from 0 to 100. When a
single class occupies a very large percentage of the landscape, the
contagion index is high, and vice versa. A low CONTAG suggests that
the land-use types are disaggregated and interspersed; inversely,
CONTAG=100 when all land-use types are maximally aggregated. (3)
LSI, which is ≥1, provides a standardized measure of the total edge or
edge density, adjusted for the size of the landscape. LSI increases
without limit as the landscape shape becomes more irregular and/or as
the lengths of the edges within the landscape increase.
3.2. Impact factor selection and analysis
Since the spatial distribution of AOD was highly auto-correlated,
with a Moran’s I score of 0.753, and the GWR model is capable of
analyzing spatial autocorrelation and spatial non-stationarity issues,
GWR was selected to analyze the spatial relationships between AOD
and the potential driving factors. GWR has been fully described
(Brunsdon et al., 1996; Fotheringham et al., 2002) and is widely used.
In this study, the ArcGIS toolbox was used to perform the GWR, using a
bandwidth of 88412m, a fixed kernel type, and the AICc bandwidth
method.
To exactly determine the impact factors in our study, unary linear
regression (ULR) was first used to select the impact factors from the
potential factors; factors with an adjusted R-squared value less than
0.09 and a high root mean squared error (RMSE) value were rejected
(see Table 3). Consequently, precipitation, GDP, population and
CONTAG were not included in further OLS-based multiple linear re-
gression (MLR) and GWR.
Moreover, to avoid multiple collinearity among independent fac-
tors, factors with a large variance inflation factor (VIF) index were also
rejected. As Table 4 shows, in model 1, when NDVI, DEM, forest den-
sity, urban impact, LSI, and AI acted as independent variables, the VIF
of LSI and AI was higher than 7.5, suggesting severe collinearity be-
tween LSI and AI. Therefore, in model 2, AI was not included, resulting
in relatively high VIF scores for NDVI and forest density. Considering
that both NDVI and forest density represent vegetation cover, we re-
moved NDVI from model 3. Consequently, the VIF scores were lower
than 1.8, which is acceptable.
According to the adjusted R-squared values and VIF, four
factors—DEM, forest density, urban impact, and LSI—were finally se-
lected as multiple independent variables to build the GWR and OLS-
based MLR.
3.3. Land-use change simulation and AOD prediction
The CA-Markov model, which combines CA and Markov chain
models, has the ability to simulate land-use changes (Memarian et al.,
2012) and has been used in this study to simulation the land-use pattern
of WHA in 2030. Specifically, we used the IDRISI Image Processing
System in the TerrSet software program to run the CA-Markov model.
Full details of the CA-Markov model in IDRISI can be found in the study
conducted by Sang et al. (2011). The model requires certain para-
meters, which are listed as follows:
Table 3
Goodness of fit of each potential factor in unary linear regression.
Variable Goodness of fit
Adjusted R-squared value RMSE P-value
NDVI 0.3096 136.7 0.00*
DEM 0.3766 129.9 0.00*
Forest density 0.3935 128.1 0.00*
Grassland density 0.0399 161.2 0.00*
Urban impact 0.1299 153.4 0.00*
LSI 0.09843 156.2 0.00*
CONTAG 0.05483 159.9 0.00*
AI 0.09095 156.8 0.00*
Precipitation 0.06592 159 0.44
GDP 0.03939 161.2 0.00*
Population 0.01768 163 0.00*
* Statistically significant at the 0.05 level.
Table 4
VIF scores for different OLS models.
OLS variable VIF
Model 1 Model 2 Model 3
NDVI 1.91 1.86 –
DEM 1.76 1.76 1.6
Forest density 1.91 1.85 1.67
Urban impact 1.2 1.17 1.06
LSI 17.86 1.08 1.06
AI 18.06 – –
Fig. 7. The CA-Markov filter, where 1 indicates the neighbor’s impact on the
central cell’s state, and 0 indicates that the neighbor is too far away to have an
impact on the state of the central cell in the next step.
Table 5
Comparison between GWR and OLS-based MLR.
Goodness of fit GWR MLR
AICc 52034.88 53252.58
Adjusted R2 0.66 0.55
Moran’s I of the standardized residual 0.23 0.33
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1) The initial pattern was set as the land use in 2010, and the 5-year
period prior to 2010 was used to generate the land-use transition
matrix. Then, with consideration of the densities of national roads,
provincial roads, municipal roads, high-speed roads, railways, and
the slope, transition suitability maps were calculated, from which
the future land-use changes from 2010 to 2030 were simulated.
When the area of built-up land reaches to the set threshold in 2030,
the simulation is terminated.
2) A 5×5 contiguity filter (see Fig. 7) was used to generate a con-
tiguity-weighting factor, from which the impact of the neighbors on
the state of the central cell could be calculated.
4. Results
4.1. GWR and MLR diagnostics
The goodness of fit for the GWR and OLS-based MLR is listed in
Table 5. A lower AICc value suggests the model presents a closer ap-
proximation to reality (Fotheringham et al., 2002; Tu and Xia, 2008).
Therefore, the lower AICc value for GWR suggests a better model per-
formance compared with MLR. In addition, the adjusted R-squared
value of GWR was 0.66, which is higher than that of the OLS-based
MLR. Furthermore, the Moran’s I index score for the standard residual
of GWR was 0.23, which is lower than that of the MLR model (with a
Moran’s I score of 0.33). This result suggests that GWR has a greater
ability than MLR to reduce the autocorrelation of the standardized re-
sidual. In summary, the GWR model appeared more suitable for ana-
lyzing the spatial relationships between AOD and its impact factors in
the WHA.
4.2. Spatially varying relationships between AOD and its impact factors
based on GWR
In the OLS-based MLR, the coefficients of the independent variables
Fig. 8. Spatial distribution of the coefficients of (a) DEM, (b) IndFor, (c) LSI, and (d) urban impact in the WHA generated by GWR.
Table 6
Variable coefficients of OLS-based MLR.
Variable Coefficient
Intercept 936.75
DEM −0.43
IndFor −6.57
Urban impact 0.000001
LSI −67.06
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were unique numbers (see Table 4), while the coefficients varied with
location in the GWR (see Fig. 8). These results suggest spatially varying
relationships between AOD and its impact factors.
A negative relationship between AOD and DEM was also revealed by
the GWR model which was consistent with the results of OLS, while the
GWR suggests that negative impact is obscure in flat urban areas. There
was a negative relationship between the DEM and AOD in the WHA
according to the MLR, with a coefficient of −0.43 (see Table 6). The
results obtained in this study are consistent with those results obtained
in other studies (Li and Wang, 2014; He et al., 2016; Guo et al., 2012).
In our study, the DEM coefficient determined by GWR ranged from
−0.288 to −2.7. Specifically, in the area with the lowest elevation or
the highest elevation, there was a strong negative relationship between
DEM and AOD (see the black dotted line in Fig. 8(a)). By contrast, in flat
areas of the WHA, the negative impact was not significant.
A negative impact of forest on AOD has been found by GWR which
is consistent with results of OLS, and it suggests that that negative
impact is minor in urban area, and strong in area with higher forest
density. The forest density coefficient in the MLR indicated a negative
correlation between AOD and forest density, with a value of −6.57. In
the GWR model, the IndFor coefficient ranged from −1.34 to −10.56
(see Fig. 8(b)). The strong and week negative impact of forest or ve-
getation coverage on AOD have been confirmed by numerous studies
simultaneously. For example, Li and Wang (2014) found a strong
negative impact of NDVI on AOD, and Xu et al. (2014) concluded that
an increase in the forested area led to a decline in AOD in the Yangtze
Delta over the period from 2000 to 2011. By contrast, a weak re-
lationship between AOD and NDVI was reported by He et al. (2016) for
the whole of China. Differences in previous studies suggest a varying
relationship between AOD and vegetation coverage among different
locations. The GWR results in our study indicated that forest density
had a strong negative impact on AOD in western WHA (the dotted line
in Fig. 8(b)). At the same time, the negative impact of forest density
appeared to be relatively low in highly developed locations and in areas
covered by forest.
GWR indicated a generally negative relationship between LSI and
AOD, and the irregular landscape would lead to stronger negative im-
pact on urban area. The LSI coefficient was −67.06 in the MLR and
−100 to 0 in most of area in GWR, indicating a negative relationship
between AOD and LSI. Both of GWR and MLR suggest that irregular
land use will lead to a decrease in AOD. The conclusion drawn in our
study is consistent with that of other studies (Zou et al., 2016). By GWR,
it is found that the negative impact was strong especially in Central
WHA where is urban area shown by the black dotted line in Fig. 8(c). It
declared that an irregular landscape would lead to a strong negative
effect on AOD in the urban area, and, in this case a diverse landscape is
appreciated in urban areas.
With respect to the radial impact of urban areas, a positive re-
lationship between AOD and the urban impact was revealed by both
MLR and GWR, which was consistent with the conclusion of other
studies (Xu et al., 2014; Li and Wang, 2014), and by GWR it is found
that the places with higher elevation covered by forest was more vul-
nerable. In this study, the urban impact coefficient in the OLS-based
MLR was 0.000001, and in GWR, a positive relationship between urban
impact and AOD was presented, with the coefficient ranging from 3.03
× −10 7 to 1.77 × −10 5 (see Fig. 8(d)). The black dotted line in Fig. 8(d)
indicates locations with a higher coefficient, which means that in these
areas, urban sprawl may lead to a greater increase in AOD. All the
marked areas in Fig. 8(d) were the places covered by forest with high
elevation. Larger coefficients of radial impact of urban areas in these
places suggest that the urban development in these places would lead to
a significant environmental degradation and corresponding aerosol
increase.
4.3. Land-use change simulation and AOD prediction
Calibration of the CA-Markov model was carried out based on the
land-use change from 2010 to 2015. The overall accuracy of the model
was 89.76%, according to a comparison of the simulated land use and
the actual land-use pattern in 2015. The land-use transition prob-
abilities from 2010 to 2015 were used to simulate the land-use pattern
of the WHA in 2030; the result is presented in Fig. 9.
Fig. 9. Spatial distribution of the land use of the WHA in 2030 predicted using
the CA-Markov model.
Fig. 10. Variation in the built-up area and forest
area from 1990 to 2030. The land-use area from
1990 to 2015 was sourced from the land-use data-
sets downloaded from the Institute of Geographic
Sciences and Natural Resources Research, Chinese
Academy of Sciences (http://www.resdc.cn/), while
the land-use area for 2030 was sourced from the
spatial land-use pattern simulated using the CA-
Markov model.
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According to the land-use pattern for 2030, simulated using the CA-
Markov model, the built-up land area will increase and is spatial clus-
tering, while the forest area will decrease (as shown in Fig. 10). The
increase in built-up land may lead to a higher built-up density and a
larger radial impact of urban areas; at the same time, the decreasing
forest area will lead to a lower forest density in 2030. According to the
results of factor analysis, both of these responses may lead to an in-
crease in AOD.
Based on the land-use pattern simulated using CA, the radial impact
of urban areas, LSI, and forest density were calculated for 2030 and are
presented in Fig. 11.
AOD was then calculated based on the impact factors in 2030, to-
gether with the relationships between AOD and its driving factors, as
identified by GWR. A comparison with the remote sensing-retrieved
AOD for 2010 and simulated AOD concerning land use changes in 2030
(see Fig. 12) was carried out. The comparison indicates that the overall
distribution of AOD in 2030 was consistent with RS retrieved AOD in
2010, while difference exists. It was clear that the city of Wuhan in
central WHA, as well as Huangshi, would experience an AOD increase
by 2030. While the variation of AOD in the place far away from central
city is obscure.
Moreover, a profile analysis was carried out to declare the variation
in RS retrieved AOD in 2010 (see Fig. 13(a)) and simulated AODs by
land use pattern in 2030 along the x- and y-axis (see Fig. 13(b) and (c)).
To evaluate the fitness of the results, simulated AODs under enhanced
urban sprawl and under depressed urban sprawl were also profiled.
Specifically, a 5% increase and a 5% declined in the threshold of built-
up area have been set in the CA-Markov simulation, and then the cor-
responding land use patterns were named as enhanced urban sprawl
scenario and depressed urban sprawl scenario, respectively. According
to the profile analysis results, the variation trends of simulated AODs
under different land use patterns were similar. Specifically, from north
to south, the AOD increases initially, then reaches a maximum in cen-
tral WHA, and finally declines from central WHA to the southern part of
the WHA. Along the x-axis, the general trend was the same as that
observed for AOD in 2010, but the highest AOD value shifted slightly
west. Moreover, the simulated AODs under enhanced and depressed
urban sprawl were consistent with the simulated AOD without enhance
or depress, and the AODs merely differ in central urban areas. The
AODs were almost the same in the place far away from central areas. It
suggests that different urban sprawl scenarios would lead to a sig-
nificant impact of AOD merely in the central urban areas of WHA, while
they would not lead to an significant impact on the AOD in rural area.
5. Discussions and conclusions
In this study, we proposed an alternative method for addressing the
non-stationarity and autocorrelation of AOD, as well as an alternative
method of AOD prediction from the perspective of land-use change. The
results indicated that the GWR model performed better than the OLS
model in deriving the spatial relationships between AOD and its driving
factors in the case study area based on a comparison of the adjusted R2
value, AICc, and spatial correlation of the standardized residual. The
general simulated spatial distribution of AOD for 2030 was calculated
and analyzed, which will benefit land-use planners by providing future
AOD trends with consideration of land-use changes.
The GWR results suggest that urban development, forest land,
landscape aggregation (represented by LSI), and elevation are the major
driving factors of AOD in WHA. The results are generally consistent
with existing studies, but different findings have been achieved. Urban
development, forest land, and elevation have been confirmed as im-
portant driving factors of AOD in previous studies. The findings of our
study are concordant with those of other studies (He et al., 2016; Li and
Wang, 2014). While the results of our study present a varying re-
lationship between AOD and its impact factors rather than provide a
unique value to describe the relationship. While the results of GWR
suggest that one unit increase of forest density made a stronger relief on
aerosol pollution in the places with a high forest density already. While
for the urban development, the coefficient of urban development was
much higher in the places with high elevation and forest. It suggests the
urban development would lead to stronger degradation in these places.
Similarly, the impact of landscape aggregation on aerosol was much
stronger in central urban areas than that of other places in WHA.
Future trends of AOD under land-use/land cover change were also
predicted, and it is found that the urban sprawl would lead to a AOD
increase. The CA-Markov model, with an accuracy of 89.76%, predicted
that the process of urbanization, i.e., an increase in the built-up area
Fig. 11. Spatial distribution of the driving factors of AOD in 2030: (a) Urban impact, (b) LSI, (c) Forest density.
Fig. 12. Variation in AOD from 2010 to 2030 in the WHA.
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and decreases in ecological land-use types such as agriculture, forest,
and grassland, will be the major trend of the future land-use change in
the WHA. As a result, the most developed areas, i.e., the cities of Wuhan
and Huangshi, will be the AOD hotspots in the WHA. Moreover, by
comparing the simulated AODs in different scenarios, it is found that
different degree of urban sprawl would make a significant variation of
simulated AODs in central urban area, while an obscure change is found
in the rural area.
In conclusion, GWR was able to identify spatial relationships with
autocorrelation and non-stationarity, and it performed well in this
study. It could be a viable alternative to conduct impact factor analysis
of air pollution at a large scale. The AOD prediction method combines a
land-use simulation model with spatial relationships predicted using
the GWR model. This approach provides an innovative perspective for
predicting the general distribution of air pollution in the future.
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